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Finite-horizon Consensus Control of Discrete-time Multi-agent Systems

With Actuator Saturation
WANG Weit? WANG Ke? HUANG Zi-Xin® WANG Le-Jun* MU Chao-Xu*?

Abstract A model-free control method using backward-in-time iteration by combining the low gain feedback
(LGF) method with Q-learning is proposed for the finite-horizon consensus control problem for discrete-time linear
multi-agent systems (MASs) with actuator saturation. First, the solution of the finite-horizon consensus control
problem with actuator saturation is transformed into the solution of the finite-horizon optimal control problem of
single agent with actuator saturation, and it is proved that the finite-horizon optimal control can be realized by
solving the modified time-varying Riccati equation (MTVRE). Then, a time-varying parameterized Q-function
(TVQPF) is introduced, and a model-free backward-in-time iteration algorithm based on Q-learning is proposed to
update the low gain parameter and simultaneously approximate the solution of the MTVRE. In addition, it is
demonstrated that the LGF control matrix obtained by the proposed iterative solution algorithm converges to the
optimal solution of the MTVRE, and the global finite-horizon consensus control can also be realized. Finally, the ef-
fectiveness of the proposed method is verified by simulation results.
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